Abstract: Drought impacts carbon and water fluxes of terrestrial ecosystems, which are strongly coupled. However, the magnitudes of response of carbon and water fluxes to drought are dependent on many processes, which are more complex than previously expected. Southern China experienced regional climatic perturbation events in the past decade and a two-year drought in 2009-2010. We used a terrestrial ecosystem model coupled with remotely sensed observations and metrological data to simulate the variations of net primary productivity (NPP), evapotranspiration (ET), and water-use efficiency (WUE) (i.e., NPP/ET) in south-western China during the period 2001-2010. Using the standard precipitation index (SPI) classifying different drought stresses, we also quantified the effect of drought on the ecosystem by comparing changes in modelled estimates of monthly WUE, NPP and ET under normal (i.e., baseline) and drought conditions (i.e., 2009 and 2010). The results indicated that NPP and ET showed synchronized declines in drought periods, with time-lag effects. Furthermore, drought-induced NPP decline was larger than ET reduction. An increasing trend in WUE from the moderate to extreme drought classes occurred not only in baseline conditions but also in drought conditions. Especially in the extreme drought period (January, 2010), WUE for the forest ecosystem typically showed a positive response to drought, indicating a drought-resilient forest ecosystem. Our study has important implications for understanding climate extreme effects on the carbon and water cycle of the forest ecosystem.
Delineation of Drought Region
The standard precipitation index (SPI) for drought [39] was used to determine the drought events in the study area. SPI was calculated by fitting historical precipitation data to a Gamma probability distribution for the study time period and geographic area, and then transforming the Gamma function to a normal distribution [39] . The SPI has become an important tool for assessing moisture conditions based on monthly total precipitation. The remote sensing-based drought indices are mainly focused on using vegetation indices. Compared to remote-sensing data, meteorological data from weather stations generally cover longer periods of time and are more precise. As a result, SPI was selected in this study for its simplicity, temporal flexibility and spatial consistency. The 3-month SPI values were calculated using monthly precipitation data from 1972 to 2012. In our study, values of 3-month SPI between −0.99 and 0.99 denote average conditions (baseline conditions) and absolute values greater than 2.0 represent extreme conditions. The index classes (−1.99 to −1.50) and (−1.49 to −1.0) represent severe drought and moderate drought. On the basis of monthly 3-month SPI datasets, we calculated the mean SPI and minimum SPI during drought periods (Sep. 2009 to Mar. 2010) (Figure 2 ).
The soil moisture dataset from remote-sensing data was used as a proxy for soil water conditions in southern China. The global soil moisture dataset has been generated by active and passive microwave spaceborne instruments and covers the 32-year period from 1978 to 2010 (http://www.esa-soilmoisture-cci.org) at 0.25° resolution. The active data set was generated by the University of Vienna (TU Wien) based on obsesrvations from the C-band scatter meters on board the European Remote Sensing satellites (ERS-1/2) and Meteorological Operational satellite program (METOP-A). The passive data set was generated by the VU University Amsterdam in collaboration with the National Aeronautics and Space Administration (NASA) based on passive microwave observations from Nimbus 
The soil moisture dataset from remote-sensing data was used as a proxy for soil water conditions in southern China. The global soil moisture dataset has been generated by active and passive microwave spaceborne instruments and covers the 32-year period from 1978 to 2010 (http://www.esa-soilmoisture-cci.org) at 0.25 • resolution. The active data set was generated by the University of Vienna (TU Wien) based on obsesrvations from the C-band scatter meters on board the European Remote Sensing satellites (ERS-1/2) and Meteorological Operational satellite program (METOP-A). The passive data set was generated by the VU University Amsterdam in collaboration with the National Aeronautics and Space Administration (NASA) based on passive microwave observations from Nimbus 7 Scanning Multichannel Microwave Radiometer (SMMR), the Special Sensor Microwave Imager of the Defense Meteorological Satellite Program (DMSP SSM/I), the microwave imager from the Tropical Rainfall Measuring Mission microwave imager (TRMM TMI) and the Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E) onboard the Aqua satellite. Due to a failure of the input sensors (ERS 2) in 2002-2005, the continuous soil moisture data from 2006 to 2010 was used in this study. The soil moisture dataset overlapped by the boundary of south-western China was used to detect changes in soil water condition of the forest ecosystem imposed by droughts during 2009-2010 in south-western China.
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Ecosystem Measures of Net Primary Productivity(NPP), Evapotranspiration (ET) and Water-Use Efficiency (WUE)
The ecosystem functional indicators, i.e., NPP, ET, and WUE were used to explore the effects of carbon and the water cycle of the forest ecosystem in south-western China to 2009/2010 droughts events. Daily NPP, ET and WUE at a 1 km resolution for south-western China were derived from the national outputs of the BEPS (Boreal Ecosystem Productivity Simulator) model [40, 41] and were summed to monthly scale from 2001 to 2010. These datasets were overlaid with a forest map of south-western China ( Figure 1 ) at a 1 km resolution. We estimated monthly WUE using NPP (gC/m 2 /month) and ET (mm/month), which links carbon and water cycles that is a key index of ecosystem function [42] , and reflects "trade-off" relationship between carbon assimilation and water loss of terrestrial ecosystems [43] . Process models incorporate eco-physiological mechanisms to estimate carbon and water flux at daily time steps, and thus can be used to diagnose regional WUE.
Regional Scale Carbon and Water-Cycle Model
The BEPS model, which was developed from the FOREST-BGC model [44] , was used to simulate carbon and water cycles of terrestrial ecosystems within the study area. The model includes a two-leaf (sunlit and shaded leaves) photosynthesis module that scales the leaf, using the Farquhar biochemical growth model [45] , up to the canopy level with a new spatial and temporal scaling scheme [41] . Gross primary productivity (GPP) was calculated as the sum of sunlit and shaded GPP. NPP was calculated as the difference between GPP and autotrophic respiration (maintenance respiration and growth respiration). ET was calculated by separate sunlit and shaded leaves with the Penman-Monteith model [46] . The BEPS model has been improved to estimate the carbon and water fluxes of terrestrial ecosystems in many regions, for example, China [47] [48] [49] , North America [50, 51] , East Asia [52] , and at the global scale [53] . The model has been calibrated and validated using eddy covariance data in southern China [51] and has been used to demonstrate the ability of capturing the effect of disturbances [48] . 
Ecosystem Measures of Net Primary Productivity (NPP), Evapotranspiration (ET) and Water-Use Efficiency (WUE)
Regional Scale Carbon and Water-Cycle Model
The BEPS model, which was developed from the FOREST-BGC model [44] , was used to simulate carbon and water cycles of terrestrial ecosystems within the study area. The model includes a two-leaf (sunlit and shaded leaves) photosynthesis module that scales the leaf, using the Farquhar biochemical growth model [45] , up to the canopy level with a new spatial and temporal scaling scheme [41] . Gross primary productivity (GPP) was calculated as the sum of sunlit and shaded GPP. NPP was calculated as the difference between GPP and autotrophic respiration (maintenance respiration and growth respiration). ET was calculated by separate sunlit and shaded leaves with the Penman-Monteith model [46] . The BEPS model has been improved to estimate the carbon and water fluxes of terrestrial ecosystems in many regions, for example, China [47] [48] [49] , North America [50, 51] , East Asia [52] , and at the global scale [53] . The model has been calibrated and validated using eddy covariance data in southern China [51] and has been used to demonstrate the ability of capturing the effect of disturbances [48] .
Model Input Data
Meteorology data: Regional daily meteorology data (maximum air temperature, minimum air temperature, relative humidity, total precipitation, and sunshine duration) for the whole China at a resolution of 1 km × 1 km were obtained by using the ANUSPLIN algorithm to interpolate the 674 meteorology stations' data (provided by the Chinese National Meteorological Information Centre) to 1-km resolution pixels. Daily incoming solar radiation data was only observed in 122 stations, and missing data was generated by the Angstrom equation and inputs from the empirical relationship between radiation and sunshine duration in the rest of the meteorological stations according to the method of Zhu et al., (2010) [54] .
Remote-sensing data: In the BEPS model, land-cover information is used to specify plant physiological parameters that differ among land cover types. The land-cover map for the study area was derived from a nation-wide land-use map at a 30-m resolution that was interpreted from Landsat TM images and a 1:2,500,000 vegetation map [47] . The vegetation map was resampled with the same resolution as the land-use map, and the each forest pixel in the land-use map was assigned a forest type based on the vegetation map using the cell-to-cell function in ArcGIS [47] . The land-cover map has been validated with the site data and other satellite data (i.e., GLC2000) [47] . The 8-day leaf area index (LAI) dataset at a 1 km resolution from 2001 to 2010 were inverted using the MODIS reflectance product (MOD09A1 V05) and the 4-scale geometric optical model [49, 55] . The locally adjusted cubic-spline capping (LACC) method [56] was used to smooth abrupt fluctuations of inversed 8-day LAI caused by residual cloud contamination [49] . In the BEPS model, we assumed the LAI was unchanged in the 8 day interval. The quality of retrieved LAI has been validated with the observation data in 6 regions in China [49] . The remote-sensing data that were of high quality can be used to drive the simulation of carbon and water cycle of forests in south-western China.
Soil data: The soil spatial database of physical soil properties for sand, silt, and clay fractions at a 1 km resolution was generated using the soil map and soil profiles from the Second National Soil Survey of China [57] . In this study, the soil texture datasets were used to determine hydrological parameters including the wilting point (water potential at 1500 kPa), field capacity (water potential at 33 kPa), porosity, saturated hydrological conductivity, air entry water potential and suction at saturation [49] . (2)- (4)). On the basis of a drought class map (Figure 2b ), we calculated the monthly baseline condition for NPP, ET and WUE by averaging over drought classes.
Study Design
where, n equal to 8, which denotes the non-drought years from 2001 to 2008; k is the year number from 1 to n; i is the month index. So Flag i represented baseline condition (non-drought), and the NPP_baseline i , ET_baseline i and WUE_baseline i denoted that average non-drought NPP, ET and WUE at time i, respectively. So, we defined the three variables: NPP_baseline, ET_baseline and WUE_baseline from January to December are the baseline seasonal variations of NPP, ET and WUE.
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The monthly drought condition for NPP, ET and WUE was calculated from monthly ecosystem measures (NPP, ET and WUE) in the years 2009 and 2010. All monthly drought layers were summed to develop two annual drought layers (2009 and 2010) that can be compared with the normal conditions. Deviations from baseline conditions are denoted by ∆ for all variables. We calculated the ecosystem measures under normal and drought conditions by averaging over drought class regions (i.e., three classes: moderate drought, severe drought and extreme drought). To remove the effects of possible changes in vegetation types, we classified the time series of mean monthly NPP, ET and WUE under normal conditions and drought conditions for each vegetation types, which were used to explore the drought impacts on carbon and water fluxes of south-western China's forests.
Results

The Model Validation with Eddy Covariance Flux Data
Monthly modelled GPP from the BEPS model was validated with eddy covariance (EC) flux data of forests in China. EC flux data were observed at three ChinaFLUX sites, Changbaishan temperate broad-leaved Korean pine mixed forest (CBS), Qianyanzhou subtropical coniferous plantation (QYZ) and Dinghushan subtropical evergreen broadleaved forest (DHS) [58] . The model performed well at the CBS and QYZ sites for GPP and ET (Figure 3a ,b,d,e). The R 2 between modelled and observed GPP in three sites ranged from 0.47 to 0.97. The BEPS model also produced the seasonal pattern of ET well in three forest sites, which the R 2 values ranged from 0.75 to 0.90 ( Figure 3 ). The R 2 between modelled and observed WUE was above the 0.001 significant levels at all 3 flux sites. The BEPS overestimated seasonal variations of WUE at the DHS site, while the variation of modelled WUE was a little higher than the measured values (Figure 3i) [59] . Our modelled data were consistent with previous literature [58, 59] .
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Results
The Model Validation with Eddy Covariance Flux Data
Monthly modelled GPP from the BEPS model was validated with eddy covariance (EC) flux data of forests in China. EC flux data were observed at three ChinaFLUX sites, Changbaishan temperate broad-leaved Korean pine mixed forest (CBS), Qianyanzhou subtropical coniferous plantation (QYZ) and Dinghushan subtropical evergreen broadleaved forest (DHS) [58] . The model performed well at the CBS and QYZ sites for GPP and ET (Figure 3a [59] . Our modelled data were consistent with previous literature [58, 59] . Figure 2 shows the spatial distribution of the drought area and intensities indicated by average 3-month SPI from September 2009 to March 2010. We can see that the extreme drought event (SPI < −2.0) mainly occurred in Yunnan, Guizhou provinces and to a small extent in Guanxi province (Figure 2a) . Furthermore, minimum SPI was derived by monthly SPI during September 2009 to March 2010 based on pixel by pixel analysis (Figure 2b ). This indicated that almost 62% of south-western China expressed extreme drought during September 2009 to March 2010. But the time when the minimum monthly SPI occurred was different (Figure 2c ). In the extreme drought area, the minimum SPI in nearly 30% and 22% region appeared in November 2009 and January 2010, respectively.
The Drought Characteristics of South-Western China in 2009 and 2010
Here, we used soil moisture derived from spaceborne microwave during the drought period 
Impacts of Drought on Forest Ecosystem Measures of NPP, ET and WUE
Mean annual baseline conditions and drought conditions of NPP, ET and WUE by three drought classes (D1: moderate drought, D2: severe drought and D3: extreme drought) was calculated in Table 1 . The results indicated that the NPP and ET under normal conditions and drought conditions in severe drought regions were all larger than that in the other two drought classes. Thereby, WUE under baseline conditions and drought conditions were highest in the extreme drought region, followed by the severe drought region. Based on one-way Analysis of Variance (ANOVA), significant differences of NPP (p < 0.0001), ET (p < 0.0001) and WUE (p < 0.0001) can be found between drought classes ( Table 1 
Mean annual baseline conditions and drought conditions of NPP, ET and WUE by three drought classes (D1: moderate drought, D2: severe drought and D3: extreme drought) was calculated in Table 1 . The results indicated that the NPP and ET under normal conditions and drought conditions in severe drought regions were all larger than that in the other two drought classes. Thereby, WUE under baseline conditions and drought conditions were highest in the extreme drought region, followed by the severe drought region. Based on one-way Analysis of Variance (ANOVA), significant differences of NPP (p < 0.0001), ET (p < 0.0001) and WUE (p < 0.0001) can be found between drought classes ( Table 1 Figure 5 ). In 2010, the changes in NPP and ET in each drought class were not obvious (Table 1, Figure 5 ). The annual WUE in 2010 was a little higher than that in 2009 for each drought class. The time series of NPP, ET, and WUE under the normal condition and the drought condition were extracted by drought class (Figure 6 ). The seasonal pattern of NPP and ET showed a single peak for both baseline and drought conditions. The baseline NPP and NPP under drought conditions in the moderate drought region exhibited no differences in the second half of the drought period (Sep. 2009 to March 2010) (Figure 6a ). Meanwhile, no differences could be found between ET under normal and drought conditions in the moderate drought region during the drought period (Figure 6d ). In the severe drought region, NPP and ET under drought conditions during the drought period showed smaller values than that under normal conditions. The fact that drought directly reduced the NPP and ET during drought periods can also be found in the extreme drought region. The seasonal pattern of WUE under normal and drought conditions showed the lowest values in summer. In the first half of the drought period, WUE under the drought condition was obviously smaller than that under normal conditions in moderate and severe drought-class regions. But in the beginning of 2010, WUE under drought conditions exceeded the WUE values under normal conditions in these two drought-class regions. However, in the extreme drought region, WUE under drought conditions were close to the values under normal conditions in the first half of the drought period and then dramatically exceeded the baseline WUE in the second part of the drought period. As illustrated by Figure 7 , NPP and ET (the difference between drought and baseline NPP and ET) during the drought period in the three drought class regions were all smaller than zero, which indicated that the drought reduced the NPP and ET of south-western China's forests. Furthermore, NPP and ET during the drought period in severe and extreme drought class regions are lower than that under the moderate drought class region. The decline of NPP and ET in the three drought class regions persisted until July, 2010. In the second half of 2010, NPP and ET increased to positive values, which indicated that NPP and ET under the drought condition recovered to the normal condition. Meanwhile, ∆WUE in December 2009 and January 2010 in the D3 region was larger than zero; meanwhile in the D1 and D2 regions, WUE in January 2010 was larger than zero. We found that there existed a 4-to 6-month lag between most severe drought stage that occurred in January 2010 and maximum NPP and ET decline in 2010 (Figure 7) . Moreover, the time-lag effect also existed between the drought event and ET declines (Figure 7a,b) . By contrast, the extent of the maximum decline in NPP behaved more severely than that of ET in the drought area.
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As illustrated by Figure 7 , △NPP and △ET (the difference between drought and baseline NPP and ET) during the drought period in the three drought class regions were all smaller than zero, which indicated that the drought reduced the NPP and ET of south-western China's forests. Furthermore, △NPP and △ET during the drought period in severe and extreme drought class regions are lower than that under the moderate drought class region. The decline of △NPP and △ET in the three drought class regions persisted until July, 2010. In the second half of 2010, △NPP and △ET increased to positive values, which indicated that NPP and ET under the drought condition recovered to the normal condition. Meanwhile, ΔWUE in December 2009 and January 2010 in the D3 region was larger than zero; meanwhile in the D1 and D2 regions, △WUE in January 2010 was larger than zero. We found that there existed a 4-to 6-month lag between most severe drought stage that occurred in January 2010 and maximum NPP and ET decline in 2010 (Figure 7) . Moreover, the time-lag effect also existed between the drought event and ET declines (Figure 7a,b) . By contrast, the extent of the maximum decline in NPP behaved more severely than that of ET in the drought area. Monthly △NPP, △ET and △WUE in the extreme drought region were clarified into three vegetation types (coniferous forests, broadleaf forests, and mixed forests) (Figure 8 ). The changes in the △NPP and △ET for each vegetation type were similar, especially in the drought period (Sep. 2009-Mar. 2010). A similar finding about the time lag between drought and vegetation declines of NPP and ET has also been observed for all vegetation types. Furthermore, the extent of the maximum decline in NPP and ET after drought periods were similar for three vegetation types. 
Discussion
In our study, NPP and ET showed synchronized declines in drought periods ( Figure 6 ). Evidence justified the idea that climate extremes such as droughts could lead to a decrease in ecosystem carbon stocks at regional and global scales [3] , and had the potential to modify carbon budgets [17, 60] . This can be explained by the fact that water stress decreases stomatal conductance and then affects photosynthetic biochemical processes [61] . Accompanied with the depression of productivity, canopy transpiration is usually decreased due to stomatal closure. So, reduction in precipitation alone could reduce forest ET because of the reduction in canopy interception, soil evaporation, and tree transpiration [62] . Transpiration and photosynthesis are tightly coupled via leaf stomatal conductance and environmental stress, such as water availability, temperature, and so on [63] . Furthermore, drought-induced NPP decline was more extensive than ET reduction ( Figures  6 and 7) . This can be explained by NPP decreasing faster than ET with an increase in aridity in the regions of lower precipitation. Some studies indicated that different sensitivity of the ecosystem process to changes in hydro-climatic conditions for sub-humid ecosystems was controlled by biological process (i.e., GPP) [32] . Moderate droughts generally do not cause large decrease in NPP due to the buffering capacity of forest soils and shallow groundwater [64] . However, extreme droughts greatly reduced the NPP of forests in this study.
In our study, the extreme drought event has the same time-lag impact on productivity and ET of the subtropical forest ecosystem in south-western China after spring 2010 (Figure 7) . Furthermore, the more severe the extent of drought, the larger the time-lag impacts on NPP (Figure 7a) . However, the time-lag impacts on ET were similar between drought classes (Figure 7b ). Evidence is mounting that a time-lag effect generally exists between the onset of a water shortage and the identification of 
In our study, NPP and ET showed synchronized declines in drought periods ( Figure 6 ). Evidence justified the idea that climate extremes such as droughts could lead to a decrease in ecosystem carbon stocks at regional and global scales [3] , and had the potential to modify carbon budgets [17, 60] . This can be explained by the fact that water stress decreases stomatal conductance and then affects photosynthetic biochemical processes [61] . Accompanied with the depression of productivity, canopy transpiration is usually decreased due to stomatal closure. So, reduction in precipitation alone could reduce forest ET because of the reduction in canopy interception, soil evaporation, and tree transpiration [62] . Transpiration and photosynthesis are tightly coupled via leaf stomatal conductance and environmental stress, such as water availability, temperature, and so on [63] . Furthermore, drought-induced NPP decline was more extensive than ET reduction (Figures 6 and 7) . This can be explained by NPP decreasing faster than ET with an increase in aridity in the regions of lower precipitation. Some studies indicated that different sensitivity of the ecosystem process to changes in hydro-climatic conditions for sub-humid ecosystems was controlled by biological process (i.e., GPP) [32] . Moderate droughts generally do not cause large decrease in NPP due to the buffering capacity of forest soils and shallow groundwater [64] . However, extreme droughts greatly reduced the NPP of forests in this study.
In our study, the extreme drought event has the same time-lag impact on productivity and ET of the subtropical forest ecosystem in south-western China after spring 2010 (Figure 7) . Furthermore, the more severe the extent of drought, the larger the time-lag impacts on NPP (Figure 7a) . However, the time-lag impacts on ET were similar between drought classes (Figure 7b ). Evidence is mounting that a time-lag effect generally exists between the onset of a water shortage and the identification of its consequences [30] . For instance, hydraulic redistribution that occurred in ecosystems containing woody plants with dimorphic root systems may facilitate the nutrition acquisition and delay the onset of soil drying during the drought period [65, 66] . The time-lag effect of drought on the carbon sequestration of forests can be explained by the evidence that the impact of drought on vegetation does occur instantaneously but is cumulative [67] . Meanwhile, drought persisting to next year's spring may constrain annual carbon uptake by regulating the availability of soil moisture during the summer season [68, 69] . Furthermore, the time lag between drought events and greenness index as the vegetation indicators has also been reported in many studies. For example, the 3-month SPI has the best correlation with normalized difference vegetation index NDVI, indicating lag and cumulative effects of drought on vegetation [66] . Yang et al., (1997) and Wang et al., (2003) found that NDVI response to precipitation was 5-7 weeks lag for all ecosystem types in the U.S.A and 4-8 weeks in the central Great Plains, USA, respectively [70, 71] . Similar findings about time-lag between drought and tree declines have also been observed in tropical [22] and in temperate regions [72] .
Many studies showed that drought leads to a significant uptrend in the WUE of forests [21, 33, 73, 74] . However, it was more complex than we have assumed in humid regions [75] . In our study, we found higher WUE occurred in extreme and severe drought regions but the changes in WUE from baseline condition to drought condition were not obvious. It seems that the forest ecosystems in subtropical China were relatively stable. In detail, WUE in the D2 and D3 regions were higher than that in D1 region in the drought period ( Figure 6 ) or in whole year ( Table 1 ). The results indicated that NPP was more sensitive to drought than that of ET. An increase of WUE in January 2010 was found in extreme, severe and moderate drought regions related to the baseline condition, with a value of 19%, 11% and 13%, respectively. These values were a little higher than another study in which an increase (7.09%) of WUE was observed in evergreen forests under drought stress based on global MODIS GPP and ET products [18] . An increasing trend in WUE for different drought severity (D1-D3) provided a great capacity to maintain productivity when plants were limited by water stress [33] , which indicated how the forest ecosystems behaved a drought-resilient ecosystem [32, 71] . Severe droughts enhance ecosystem resistance and resilience in responding to water deficiency [73] , which likely contributed to the high WUE in the drought period in south-western China. Meanwhile, the synthetic declines of NPP and ET in the growing season of 2010 resulted in no obvious change of WUE in the growing season after the spring drought in 2010. We also tested the different responses of WUE to drought for each forest type (Figure 8 ). Similar patterns can be observed for the changes in WUE for each forest types in the extreme drought region. Furthermore, a substantial increase in WUE in the forest can also be influenced by other processes, i.e., CO 2 fertilization. But increasing atmospheric CO 2 should lead to an increase in both photosynthetic uptake and WUE [76] , which was different to drought that would reduce the forests' productivity and increase the WUE.
Although forest ecosystems were sensitive to drought and temperature extremes in extreme climate events [77] , our findings indicated these forests in subtropical regions were less vulnerable than commonly assumed, which can be ascribed to the rich vegetation and species diversity and high temperature and precipitation after extreme climate events in south-western China [37] . The resilience of the forest ecosystem is associated with its biological resources, species composition and ecological functions under changing climatic conditions [78] . High species diversity can partly offset the effect of extreme climate events on the carbon cycle of forests [79] . Meanwhile, it could be partly attributed to the existence of cross-scale interaction between ecological processes that will balance or offset the losses caused by extreme events. To some extent, the tree species diversity of subtropical forests in southern China alleviates the impacts imposed by extreme events, and thus the subtropical forests have higher potential to recover from disturbances. Thus, with increasing frequencies and intensities of climate extremes in the future, studies on the response of the ecosystem carbon cycle to various levels of climate extremes are of high priority.
The gap between experiments, remote-sensing information and ecosystem modeling still exists [80] . It is necessary to monitor strategies and variables which are most useful for quantifying resilience and thresholds in wide range of ecosystems [81] . Monitoring systems with high accuracies and improvements on spatio-temporal resolution are strongly recommended to obtain better insights into the response of forest ecosystem to extreme events and feedbacks between them.
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